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Understanding the fundamental mechanisms behind
the complex landscape of corporate mergers and
acquisitions is of crucial importance to economies
across the world. Adapting ideas from the fields of
complexity and evolutionary dynamics to analyse
business ecosystems, we show here that ancestry,
i.e. the cumulative sum of historical mergers across
all ancestors, is the key characteristic to company
mergers and acquisitions. We verify this by comparing
an agent-based model to an extensive range of
business data, covering the period from the 1830s
to the present day and a range of industries and
geographies. This seemingly universal mechanism
leads to imbalanced business ecosystems, with the
emergence of a few very large, but sluggish ‘too big
to fail’ entities, and very small, niche entities, thereby
creating a paradigm where a configuration akin to
effective oligopoly or monopoly is a likely outcome for
free market systems.
1. Introduction
Mergers and acquisitions of firms and companies
are fundamental activities that dynamically shape the
business world. However, there is a lack of consensus
and full understanding of the drivers and benefits
to businesses arising from those activities within
conventional financial studies [1–3]. These tend to centre
on financial and economic data which primarily give
a snapshot of the emergent state of markets at a
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specific time. In contrast, we show here that ancestry, defined as the cumulative number of
mergers from all acquired entities, is the major determinant and indicator shaping markets; we
find a ‘snowball’ effect to be active, whereby entities with larger ancestries are found to be more
likely to merge or acquire again. Our study employs ideas inspired from the fields of complex
networks and evolutionary dynamics to analyse business ecosystems [4–6], with particular focus
on diversity reduction.
Specifically, we translate the important distinction between phenotype and genotype to a
business context: the former being associated with externally observable attributes, influenced
by a combination of genetic, environmental and developmental factors, whereas the latter
refers to the more fundamental, underlying genetic instructions that encapsulate the design for
these attributes [7]. Whereas financial and economic data represent the phenotype, ancestry is
analogous to the genotype, as it encodes the relevant past evolutionary processes that determine
the probability for an institution to become the acquirer of another business. This is demonstrated
by testing the ancestry mechanism against data from several countries, industries and timescales
using a variant of a preferential attachment agent-based model. This seemingly universal
mechanism also leads to a sizewise bimodality in the distribution of resulting entities, and to an
imbalanced ecosystem mostly consisting of a few very large, ‘too big to fail’ entities, and small,
niche entities, thereby creating a paradigm where a configuration akin to effective oligopoly or
monopoly is a likely outcome for free market systems.
2. Ancestry data analysis
(a) Methods to predict mergers: ancestry versus balance sheet size
There are a range of factors that may contribute to the merger and acquisition process—such as
the regulatory environment, balance sheet size of a business, potential synergies across different
agents, value of a brand, etc. However, we show that ancestry is the primary characteristic
that captures the essential merger dynamics, and therefore synthesizes all the above factors. To
illustrate this point, we considered a ranking test, to study both ancestry and balance sheet size
as merger predictors, using data from the US banking industry.
In figure 1, US banks are ranked based on ancestry (red) or balance sheet size (blue). The bar
chart shows the time-averaged number of mergers between banks (vertical axis) by ranking group
(horizontal axis). Here, an increasing ranking group corresponds to a decrease in ancestor number
or balance sheet size, as appropriate. For each ranking group, the number of acquisitions is
averaged over a 3 year period, starting at each year between 1992 and 2013. As shown in figure 1,
ranking banks by ancestry number led to monotonically decreasing merger activity from the high-
to low-ranking groups, i.e. those banks ranked higher by ancestor number systematically partook
in more mergers. Ranking instead by balance sheet size, we found that the number of mergers
varied far less smoothly and predictably down the ranking groups, strongly indicating ancestry
as a more consistent predictor for merger likelihood.
The inset of figure 1 considers the two ranking methods as a function of time. This is done
by ranking the banks by either ancestry number or balance sheet size, taking the top 100 banks
in each case. The red (upper) curve shows data for the top 100 banks when ranked by ancestry,
and the blue (lower) curve shows data for the top 100 banks when ranked by balance sheet size.
Each data point on the curve shows the number of mergers that occurred within a 3 year window
from the year indicated by its position on the horizontal axis, for the group of banks represented.
Together, the curves show that the top 100 group ranked by ancestry consistently underwent more
mergers than the top 100 group ranked by balance sheet size, indicating that ancestor number also
leads to a better ranking as a function as time.
The balance sheet of a company is, of course, a key measure of its financial state, and can
be considered an important tool for predicting possible future acquisitions. Indeed, a number
of studies indicate that larger entities are more likely to be acquirers [8]. However, there is a
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Figure 1. Comparison of ranking methods to predict merger activity for US banks: ancestry (red) versus balance sheet size
(blue). US banks are ranked based on ancestry (red) or balance sheet size (blue). The bar chart shows the time-averaged number
of mergers between banks (vertical axis) by ranking group (horizontal axis). Here, an increasing ranking group corresponds to
a decrease in ancestor number or balance sheet size, as appropriate. For each ranking group, the number of acquisitions is
averaged over successive 3 year periods, starting at each year between 1992 and 2013. The inset shows the ancestry (red) and
balance sheet (blue) rankingmethods as a function of time. Each data point shows the number of mergers that occurred within
a 3 year window from the year indicated by its position on the horizontal axis; the curves therefore compare the acquisition
numbers over time for the top 100 banks by ancestor number and the top 100 banks by balance sheet size.
strong correlation between balance sheet size and ancestry, akin to phenotype and genotype
respectively, so our finding that ancestry plays a fundamental role in predicting acquisitions is not
necessarily inconsistent with traditional finance theory. On the contrary, our framework clarifies
the relationship between the two: ancestry, representing the historical trajectory of a company, is
the underlying seminal property that drives the dynamics of mergers and acquisitions between
companies. In turn, this leads to changes to balance sheet size, which is a measure of the state of
the company at a given time.
Therefore, we conclude that first, entities with many ancestors are generally more likely to be
involved in merger activities, and second, that ranking by ancestry places the banks in a more
accurate order, in terms of merger likelihood, than ranking by balance sheet size.
(b) Ancestry data across different industries and geographies
In figure 2, we consider the importance of ancestry to merger activities in greater detail using data
for business ancestries across a range of different industries. These cover: US banks at national and
state-levels, Japanese banks, UK building societies and UK railway companies, over various time
periods spanning 1830–2012. The respective data sources were: the Federal Deposit Insurance
Corporation Institutional Directory, the Japanese Banking Association (JBA) data directory, the
UK Building Societies Association member files and data on UK railway companies contained in
Awdry’s Encyclopaedia of British Railway Companies [9].
In each case, the observable of interest is the distribution of businesses by ancestry size, i.e. the
distribution of businesses ranked by their number of ancestors on a cumulative basis across the
entire time period under consideration. From figure 2, it is clear that there is a striking similarity
between all the observed distributions, with each exhibiting power-law-like behaviours with
similar slopes on the log–log scale shown.
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Figure 2. Structure of ancestry data. Log–log plot showing distributions of ancestry numbers across several industries and
countries. Inset: Zipf plot for US banking ancestry data; the dashed line has a gradient of−2.
3. Evolutionary dynamics
To isolate the underlying system dynamics, we develop a simple agent-based model for a market
in which mergers are assumed to occur, and compare this initially with the US banking dataset.
(a) Agent-based model
The basic aim of the agent-based model is to capture the ancestry-driven (i.e. genotype) merger
dynamics that underlie observable financial data, the phenotype of this analogy. Our model
is a variant of the classic preferential attachment model of Yule [10] and is closely related to
Price’s cumulative advantage theory [11] and Simon’s stochastic process formulation [12]. Let
us remark on how the dependence on ancestry relates to the preferential attachment concept
[12,13] and cumulative advantage [14]. In relation to our study, these mechanisms are clearly
distinct from each other. The term preferential attachment is used to describe a process where the
new, and smaller, vertices express a preference towards attaching to larger vertices. Therefore, the
behaviour of the agent—the new arriving vertex—is determined by features of another agent. In
contrast, cumulative advantage is a process where an inherent characteristic of an agent drives
the behaviour of that same agent. The dependence of the merger probability on ancestry is, in
this sense, an example of ‘cumulative advantage’ and distinctly different from the preferential
attachment mechanism.
The agents of the model are represented as a vector, B= [B0,B1,...], and undergo cycles of
dynamics where mergers between agents occur with a probability that depends on how many
ancestors, nA, each already has. Motivated by the Zipf-like distribution [15] of figure 2, which
approximates a power-law with exponent −2, the probability of a merger for each agent is taken
to be of the simple form
pmerger = p(1+ nA)3/2. (3.1)
Here, p= 1/(1+ nmaxA )3/2 is a constant, determined by the maximum potential ancestry number
for a given dataset nmaxA =Ninitial −Nfinal, with Ninitial and Nfinal the initial and final number
of entities, respectively. Despite this choice, we note at this point that a large range of values
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Figure 3. Importance of ancestry dependence. A comparison is shown between US banking ancestry data and model
simulations with (red) and without (blue) an ancestry weighted merger probability. Clearly, the former leads to a far closer
agreement with the US data.
for the parameter p in fact yield very similar results. In addition, note that setting nA to
zero in this equation would yield a purely random model, i.e. the random walk model
of figure 3.
In each cycle, source banks are selected based on the ancestry-based probability of
equation (3.1), after which each randomly selects a merger partner as a target; these partners
then cease to exist in the live population, and the source bank adds the target bank’s ancestors to
its own number of ancestors. The initial number of agents is obtained directly from the dataset
being modelled, and each agent is deemed to have no ancestors on model initialization. Cycles
continue until the total number of remaining agents is equal to the corresponding number in the
final time input data. The model data shown are based on 1000 repeated simulations.
The first key point to highlight from the model is the non-stationary, evolving nature of the
mergers and acquisitions process for companies, which is clearly demonstrated in figure 3; here,
we compare the results of a single realization of the full model (red line) to the actual accumulated
ancestry data for the US nationally (black circles), and contrast those with the results of a ‘random
walk’ model (blue line), where in the latter all agents have equal, time-independent, probability, p, to
merge (this corresponds to setting nA = 0 in equation (3.1) so that pmerger = p). The ‘random walk’
model leads to a notable deviation from the US data and a loss of the power-law structure of
the ancestry distribution, whereas a merger probability that depends on the past history through
ancestry size yields excellent agreement across the entire range. We conclude that ancestry size
can be viewed as encoding how keen a company is to originate a merger, i.e. the ancestry record
encodes a phenotypical trait.
To test the model further, we show in figure 4a detailed comparison of several additional sets
of data: the US (national and state-specific; 1970–2013) and Japanese (1872–2013) banking sectors,
and the UK building societies (1936–2012) and railway companies (late 1700s–1923). Given the
very distinct markets, industries, and timelines covered by these datasets, the close agreement
between the model and results suggest that these differences are of little consequence for the
merger and acquisitions process over a long-term evolutionary period, and, importantly, that an
ancestry-based model captures the fundamental and essential dynamics across these systems. It
is important to note that the period considered encompasses two banking crisis in the US, as
well as other financial crises and the war periods in the case of Japan and the UK datasets. It is
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Figure 4. Model versus real-world data. Mergers data are shown for US banks (1970–2013), Japanese banks (1872–2013), UK
building societies (1936–2012) and UK railway companies (late 1700s–1923). In each case, the model predictions are shown by
the grey-shaded region, which indicates the range of predictions across 1000 simulations. The inset shows the subset of US data
for banks within Texas.
likely, however, that significant changes in activity may exist within very short timespans. It is also
interesting to note that the regulatory framework that exists in the USA is fragmented in nature, as
different banks need to comply with regulations that can be federal banking statutes and/or state-
specific laws. We can therefore consider the similarity between state and federal level as indicating
a certain robustness to the ancestry mechanism. And indeed, the distinctive legislation, as well
as time period of acquisitions, does not seem to bear any impact on the long-term evolutionary
process.
Restricting the analysis to individual US states, we also find a very favourable agreement
between the model predictions and data. This suggests that a kind of self-similarity exists between
subsets of the systems (e.g. the individual states, in the US case) and the entire system (e.g. all US
banks); an example from the largest banking state, Texas, is shown in figure 4 (upper left inset).
The latter is particularly interesting, given the changing regulatory view of interstate mergers
in the USA. The 1982 Garn-St. Germain Depository Institutions Act allowed interstate mergers
and acquisitions only for failed banks [16]. This restriction persisted until 1994, after which
interstate mergers were made legal for all banks through the Riegle–Neal Interstate Banking
and Branching Efficiency Act. So, owing to legislative restrictions, most intrastate mergers and
acquisitions occurred before 1994, yet the observed dynamics appears to be insensitive to these
legislative restrictions.
(b) Mean field master equation
In addition to our agent-based model, we furthered our work by adopting the mean field theory
approach. In essence, the approach aims to translate complex stochastic models—such as the
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agent based model described above—into a simpler deterministic model expected to capture
some average behaviour of the agents through the development of a master equation. Given the
inherent approximations necessary to make analytical progress, we would not expect the master
equation to fully replicate the agent-based model results. Instead, the aim of this exercise is to
provide an alternative method that can give an additional insight of the behaviour of the system.
An exact master equation for the probability density of the ancestry-based merger dynamics
is difficult to establish. However, the algorithm of the agent-based model may be approximated
by the following process. Assume we have N bins, and that at t= 1 each bin contains 1 ball, i.e.
nA = 1 for all bins. At each time step, a bin is chosen to initiate a merger event with probability
pmer(nA), which is equivalent to pmerger in equation (3.1). A merger event consists of choosing one
of the other (non-empty) bins with uniform probability and moving the contents of the chosen
bin to the originating bin. We let one timestep consist of one attempted merger event. This means
that for times t> 1, the ancestry variable can assume values: nA = 0, 1, 2, . . . , t.
Introducing the probability distribution P(nA) as the mean field, ensemble probability to find a
company with ancestry nA at time t, the master equation for the above process is straightforward.
We can distinguish the following three cases: nA = 0,
P(0, t+ 1)= P(0, t)+
t∑
n=1
pmer(n)P(n, t)[1− P(0, t)]. (3.2)
nA = 1,
P(1, t+ 1)= P(1, t)
[
1− pmer(1)
t∑
k=1
P(k, t)−
t∑
n=1
pmer(n)P(n, t)
]
. (3.3)
2< nA < t,
P(nA, t+ 1)= P(nA, t)+
nA−1∑
k=1
pmer(k)P(k, t)P(nA − k, t)
− pmer(nA)P(nA, t)
t∑
k=1
P(k, t)
−
t∑
k=1
pmer(k)P(k, t)P(nA, t). (3.4)
A comparison between the results of the master equation and the surviving population of the
agent-based model described in §3a, each relative to the real US banking data is shown in figure 5.
When comparing the results of figure 5, given the simplifying assumptions, in particular, the
fact that correlations between the states of the agents are neglected, we consider that the master
equation provides a reasonable approximation of the results of the agent-based model and actual
data. However, we note that agreement is not consistent across all ancestry numbers, in particular
for small ancestor numbers.
4. Perspectives for businesses
Given that mergers and acquisitions can be understood primarily in terms of ancestry rather
than as a result of temporary local financial conditions, the question arises as to how financially
beneficial such processes are to individual businesses.
(a) Growth through mergers
In figure 6, we show an analysis of the growth of the US banks as a function of acquisition
number. This clearly shows that growth levels do not increase, on average, for entities having
undergone numerous mergers, but instead that they grow at a rate close to that of the GDP.
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Figure 5. Comparison between themaster equation, agent-basedmodel and real data from the surviving population in the US
banking sector. (a) The range of ancestry data obtained from the agent-basedmodel over 1000 simulations (grey-shaded area),
compared with that for the live population within the real US banking dataset (black circles). (b) A comparison with the master
equation result. Both plots are shown as functions of the shifted ancestry variable nA + 1.
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Figure 6. Real business organic growth. The chart shows the actual, organic growth of entities within each acquisition
grouping, excluding the effects of GDP growth and balance sheet aggregation from mergers between US banks from 1992 to
2013. For each of the surviving banks in 2013, we aggregated the balance sheets of each of their ancestors in 1992, and indexed
by the GDP. As a result, the real organic growth is derived from the ratio between the balance sheets of surviving entities as
at 2013, and those of their respective ancestors (GDP linked and aggregated) as at 1992. The scale is relative to GDP such that
values> 0,= 0 and< 0 indicate growth greater than, tracking, and less than GDP, respectively. The red bar in the main plot
shows the average over those banks with ancestries> 25; the inset shows a refined view of growth for these largest banks, by
number of acquisitions. Note that in averaging the data shown in the inset to arrive at the> 25 bucket shown in themain plot,
the average is weighted by balance sheet size.
This levelling off of growth is reminiscent of deterministic growth typically seen in biological
organisms. Indeed, companies with a small number of acquisitions (which are typically smaller
and younger) systematically manifest higher growth on average (although note that this growth
is modest, at less than a percent above GDP). Despite the aggregate picture that the largest
entities do not realize growth from acquisitions, of course individual businesses can experience
pronounced growth, as shown in the inset to figure 6.
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Figure 7. Sizewise bimodality in US banks. The plot shows the change in the market share of US banks over time, measured
by growth in fractional balance sheet size. The banks are ranked into percentiles by proportion of total balance sheet size, with
the top 5% isolated for clarity in the plot: the rightmost, thick black line is the top 1%; the next 4 percentiles are shown by dot-
dashed lines. Moving to the left, the remaining lines represent each of the remaining percentiles. The second–100th percentile
lines are plotted in a cumulative sense, to illustrate that the total loss from all of these market sections is equal to the growth
in the largest 1% of the market. The gap between each of the second–100th percentile lines, therefore indicates the size of the
loss for each percentile. The plot shows that the gap, and so loss, is largest for the second–10th percentile range, and decreases
for subsequent percentiles, illustrating the mid-sized part of the market has suffered the largest loss by 2012.
(b) Dominance of largest entities
Although real growth is at best modest for individual companies, we now explore the changes
in total assets across different bank size classes, ranked by centiles, to reveal some surprising
consequences of ancestry-based merger dynamics upon a market as a whole.
Focusing upon the US banking sector, figure 7 shows the change in total assets share based
on balance sheet data from 1992 to 2012. Figure 7 shows a clear increase in the total assets of the
largest 1% of banks (thick black line), partnered with a reduction in the total assets held by entities
from all other percentiles. The increase in total assets is almost exclusively concentrated within
the largest 1% of banks, whereas the corresponding reduction in total assets comes mainly from
the percentiles 2–10, with the remaining higher percentiles (and so smaller entities), contributing
far less. This shows that it is the total assets of the top 2–10% banks by size, or mid-sized section
of the market, that are depleted most drastically in order to fuel the growth of the largest banks.
The mid-sized section of the market therefore sees the greatest reduction in market share.
This happens because the ancestry-driven mechanism underlying bank mergers and acquisitions
affects this part of the market in two ways: (i) it leads to a power-law distribution of ancestries,
and therefore many fewer agents in this size range and (ii) although greater in number than
the largest entities, the mid-size agents are far less aggressive acquirers than the largest entities.
Ultimately, this situation effectively leads to a bimodal population, in which only either very large
entities or very small entities survive.
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5. Conclusion
Our findings provide three key insights of broader relevance to free markets systems: first,
traditional financial analyses would benefit from using non-financial as well as financial
data in assessing market dynamics in the same manner that biological systems benefit
from harmonious analysis of interactions between genotype and phenotype. Second, from
a regulatory perspective, our findings suggest that legislation designed to ensure healthy
competition, and ultimately benefit consumers and the broader economy (http://www.
competition-commission.org.uk/about-us. accessed 4 February 2014), is not solely focused on the
acquisitions among large entities, but should also protect the organic growth of smaller, rapidly
expanding enterprises. Finally, while counterintuitive, the findings that mergers do not contribute
to an enhancement of growth for entities with very large ancestries naturally opens a debate as to
whether, as in the world of biology, companies’ growth follows a sigmoidal curve, meaning that
there is a natural size limit beyond which growth is no longer advantageous.
We speculate that—similar to the natural world—companies are highly complex organisms
that require close integration of enormous number of constituent units in order to work efficiently.
In living organisms, delivery of energy to cells is optimized by vascular systems that set the pace
of physiological processes as scaling functions of the size of the organisms [17,18]. As a result,
life cannot be sustained in sizes beyond those scaling laws. In contrast, within economic systems,
corporates may be able to survive and grow to sizes above optimal levels. However, such growth
may result in potentially large inefficiencies, as for example the observed trend in Scandinavian
research institutions and the National Health Service in the UK, where the number of support staff
has increased at a notably faster rate than the increase in number of front line delivery staff [19].
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